The distributed network of receptors, neurons, and synapses in the somatosensory system efficiently processes complex tactile information. We used flexible organic electronics to mimic the functions of a sensory nerve. Our artificial afferent nerve collects pressure information (1 to 80 kilopascals) from clusters of pressure sensors, converts the pressure information into action potentials (0 to 100 hertz) by using ring oscillators, and integrates the action potentials from multiple ring oscillators with a synaptic transistor. Biomimetic hierarchical structures can detect movement of an object, combine simultaneous pressure inputs, and distinguish braille characters. Furthermore, we connected our artificial afferent nerve to motor nerves to construct a hybrid bioelectronic reflex arc to actuate muscles. Our system has potential applications in neurorobotics and neuroprosthetics.
W hereas classical von Neumann-based computing systems rely on centralized and sequential operations determined by a clock, neurons and synapses in biological nervous systems process information on the basis of distributed, parallel, and event-driven computation (1) . As a result, classical systems exhibit the advantages of high speed and accuracy for well-defined problems, and biological systems are compact, fault tolerant, and power efficient for complex real-world problems, such as visual information processing, speech recognition, and movement control. Biological systems have influenced many fields of science and engineering, such as neuromorphic computing (2) (3) (4) (5) , bioinspired sensing systems (6) (7) (8) (9) , control theory for legged robots (10, 11) , and prosthetics (12) (13) (14) .
Biologically inspired systems have been implemented at the software level in classical von Neumann-based systems to distinguish braille characters (15) and control actuators in legged robots (10, 11) . Alternatively, complex silicon circuits have been developed to mimic the spikebased information processing in biological systems, in which the function of a synapse was emulated by several conventional silicon transistors and a capacitor (16) .
Device structures that emulate the functionality and signal processing of biological components may potentially simplify complex circuits by mimicking multiple synapses with a single device. Organic devices are attractive because their characteristics can be tuned through chemical design (17, 18) , they are compatible with printing methods that enable large-area coverage at a low cost (13) , and they have relatively low elastic moduli, similar to those of soft biological systems.
The development of neuromorphic systems that mimic the sense of touch can benefit from the improved understanding of information processing in somatosensory peripheral nerves. The branched structure of slowly adapting type I (SA-I) afferent (sensory) neurons, which leads to a complex receptive field with many hotspots, is critical for sensing at a spatial resolution smaller than the spacing between the receptive field centers ( fig. S1 ) (19) , discerning the movement of objects, and distinguishing the orientation of edges on objects (19) . The interneurons in the spinal cord have also been found to form synapses with multiple afferent neurons to encode and separate input features before tactile information is delivered to the cortex (20, 21) .
Here we describe an artificial afferent nerve based on flexible organic electronics (22) (23) (24) (25) . The bioinspired artificial afferent nerve emulates the functions of biological SA-I afferent nerves (Fig. 1A) by collecting data from multiple tactile receptors and conveying this information to biological efferent (motor) nerves, completing a hybrid bioelectronic reflex arc. Our artificial afferent nerve (Fig. 1, B and C, and fig. S2 ) consists of three core components: resistive pressure sensors, organic ring oscillators, and a synaptic transistor. Artificial mechanoreceptors consisting of a cluster of pressure sensors (each pressure sensor corresponds to a hotspot in the receptive field) are connected to an artificial nerve fiber (a ring oscillator) that converts external tactile stimuli into voltage pulses. The electrical signals from multiple artificial nerve fibers are then integrated and converted into postsynaptic currents by a synaptic transistor. The synaptic transistor can be subsequently used to interface with biological efferent nerves to form a complete monosynaptic reflex arc.
The resistive pressure sensors (13) , with a sensitivity and working range comparable to those of biological receptors, are composed of a conducting pyramid-structured elastomer that forms a resistive pathway between CNT (carbon nanotube) and Au electrodes (Fig. 1B and fig. S3 ). An increase in pressure increases the contact area and therefore decreases the resistance between the CNT electrode and the Au electrodes ( Fig. 2A) .
The organic ring oscillator (figs. S4 and S5) was made of odd numbers of pseudo-complementary metal-oxide semiconductor (CMOS) inverters (figs. S6 and S7). The ring oscillator was designed to oscillate at frequencies that match the action potentials of sensory neurons (0 to 100 Hz) (supplementary text) (26) . Frequencyencoded information can be more robust to voltage degradation and parasitic resistances than amplitude-encoded information. The supply voltage to the ring oscillator increased with the pressure on the sensor (Fig. 2A) . The oscillation of the ring oscillator is "off" and the power consumption decreases (though not to 0 W because of the pseudo-CMOS design) when there is no pressure on the sensor. A constant nonzero pressure input leads to a fixed supply voltage to the ring oscillator, resulting in a constant frequency output that can be easily used to calculate the pressure input on the basis of a 1-to-1 relationship between pressure inputs and concurrent ring oscillator outputs, but this constant input also increases power consumption compared with that of biological SA-I afferent nerves, which have slow sensory adaption (supplementary text). An increase in pressure intensity resulted in an increase in both the frequency and the peak amplitude of electrical impulses from the oscillator (Fig. 2B) . This is slightly different from the case in biology, in which the amplitudes of action potentials are usually the same (supplementary text).
The synaptic transistor (17, 27, 28) was fabricated with the use of a solution-processed conjugated polymer (the compound P1) ( fig. S8B ) as the hole-transporting semiconductor and an ion gel as the gate dielectric (figs. S8 to S11). Although the synaptic transistor was more limited in its capacity for run-time tuning of the temporal dynamics during operation (fig. S12) than the rather complex silicon synapse consisting of several transistors and a capacitor (16), we were able to obtain decay times for postsynaptic currents (typically 2 to 3 ms) (fig. S13) in a range comparable to that of decay times for synapses of biological afferent nerves (1.5 to 5 ms) (21, 29) by choosing a specific polymer semiconductor during fabrication (table S1). The large variation in decay times within a material should have minimal effect on the output (30) . The voltage outputs from the ring oscillators were connected to the gate electrodes of the synaptic transistor. The frequency of the current output from the synaptic transistor (Fig. 2C ) matched the frequency of the voltage output from the ring oscillator (Fig. 2B) . However, the pressure-current output from the synaptic transistor ( Fig. 2C ) was more linear than the pressure-voltage output of the ring oscillator (Fig. 2B ). Our artificial afferent neuron consumes~8 mW in the "off" state and~25 mW in the "on" state ( fig. S14 ). An array of our artificial afferent neurons can lead to a flexible artificial afferent nervous system-one of spiking neural networks (supplementary text)-with lower power consumption than the system consisting of a conventional flexible onetransistor-one-resistor pressure sensor array connected to Si-integrated circuit chips, which consume additional power for readout and control ( fig. S15 and table S2 ).
Prolonged presynaptic voltage spikes can lead to more anion accumulation near or in the organic semiconductor and then increase the amplitude of postsynaptic currents (31) . The peak postsynaptic currents are influenced by not only the magnitude of the pressure stimulus (Fig. 2, C and D) but also the duration of the pressure stimulus (Fig. 2, E and F) . The duration of the pressure stimulus does not change voltage outputs from the ring oscillator. When we applied 500 cycles of 2-s pressure stimulation every 10 s ( fig. S12 ), we detected slight increases in the postsynaptic currents and the decay times.
The synaptic transistor can combine signals from multiple ring oscillators because the ion gel allows the active channel to be gated by multiple electrodes (Fig. 3A and fig. S10C ). The postsynaptic currents resulting from the pressures simultaneously applied to two pressure sensors (Fig. 3D) were comparable to the sum of the currents resulting from a pressure applied to two individual sensors (Fig. 3E = Fig. 3B +  Fig. 3C ). In the Fourier transform of each case (Fig. 3F) , the synaptic transistor could combine signals from two pressure sensors and generate postsynaptic currents consisting of two frequency components corresponding to those from the two pressure sensors. Analogous to the way in which dendrites of a postsynaptic neuron in connection with a number of biological synapses add action potentials from multiple presynaptic neurons, a single synaptic transistor can add voltage inputs coming Kim One ring oscillator can combine signals from a cluster of pressure sensors, similar to a biological heminode (the beginning of the myelinated part of a nerve fiber) (26) . When multiple pressure sensors are connected in parallel (Fig. 3G) , the highest pressure will have a dominant effect on the output of the ring oscillator. This behavior mimics the branched structures and heminodes of afferent nerves that give rise to a sophisticated sense of touch in higher-order animals (26) . A rodlike object was moved across two branches of pressure sensors in two different directions (Fig. 3G) . When the object moved in the directions of the red and blue arrows, the postsynaptic current outputs had one valley corresponding to the object position between the two pressure sensors (Fig. 3H) and a monotonic increase without any local minimum (Fig.  3I) , respectively. Analysis of the temporal profiles of postsynaptic currents in these two cases demonstrates the possibility of a bioinspired approach to recognize the direction and potentially the speed of object movement, which can be estimated from the duration of the valley of postsynaptic currents.
We used our artificial afferent nerves to identify braille characters pressed on an array of three pixels by two pixels (Fig. 3J and fig. S17 ). Six synaptic transistors accepted inputs from one oscillator, and 11 synaptic transistors each accepted inputs from two different oscillators. The peak frequencies of postsynaptic currents connected to one pixel (marked with a single number, from 1 to 6, and a blue box in fig. S17 , A and B) are shown for all six pixels (Fig. 3K and fig.  S18A ). To quantify the difference in postsynaptic responses between different letters, we used Victor-Purpura spike train metrics (32) to calculate the Victor-Purpura distances (D VP ) between the characters ( fig. S18 , B and C). A larger D VP means more dissimilarity between two spike trains. Compared with the smallest D VP between different letters with the use of only pressure sensors and ring oscillators (i.e., without the signal integration of two pixels), the synaptic signal integration led to an increase in the smallest D VP between different alphabets, which means that braille letters became more distinguishable because of the synaptic integration (Fig. 3L) . Thus, this approach mimics the process of tactile information processing in a biological somatosensory system, where the signals of multiple tactile inputs from first-order neurons are integrated by synapses to partially process the information before delivery to the brain (20, 21) .
We connected our artificial afferent nerve to biological efferent nerves of a discoid cockroach (Blaberus discoidalis) (Fig. 4A) to complete a hybrid monosynaptic reflex arc (Fig. 4B) , emulating a biological reflex arc ( fig. S19 ). We used this hybrid system to demonstrate the flow of information from multiple pressure sensors through a neuromorphic circuit to deliver biomimetic postsynaptic oscillating signals into the biological efferent nerves in a detached cockroach leg (Fig. 4C) , leading to the actuation of the tibial extensor muscle in the leg (Fig. 4D) . The oscillating signals from our artificial afferent nerve elicit action potentials in nerves better than constant voltages (33) . An increase in the amplitude and frequency of stimulation signals increases the number of activated muscle fibers and the forces generated by each muscle fiber, respectively (33, 34 duration of the stimulus application on the artificial afferent nerve, the maximum isometric contraction force of the tibial extensor muscle increased accordingly (Fig. 4 , E and F, respectively; additional data are in fig. S20 ). Isotonic contractions are shown in fig. S21 and movie S1. Inspired by state-of-the-art understanding of biological afferent nerves, we fabricated an artificial afferent nerve based on organic devices that have multiple hotspots in the receptive field, generate action potentials depending on the combined pressure inputs, and integrate action potentials at a synaptic transistor. The biomimetic hierarchical structures were used to detect the shape and movement of an object in simple cases and to distinguish braille characters. Finally, our artificial afferent nerve was connected to biological efferent nerves to demonstrate a hybrid bioelectronic reflex arc and control biological muscles. 
